O nline retailers are increasingly providing service technologies, such as technology-based and human-based services, to assist customers with their shopping. Despite the prevalence of these service technologies and the scholarly recognition of their importance, surprisingly little empirical research has examined the fundamental differences among them. Consequently, little is known about the factors that may favor the use of one type of service technology over another. In this paper, we propose the Model of Online Service Technologies (MOST) to theorize that the capacity of a service provider to accommodate the variability of customer inputs into the service process is the key difference among various types of service technologies. We posit two types of input variability: Service Provider-Elicited Variability (SPEV), where variability is determined in advance by the service provider; and User-Initiated Variability (UIV), where customers determine variability in the service process. We also theorize about the role of task complexity in changing the effectiveness of service technologies. We then empirically investigate the impact of service technologies that possess different capacities to accommodate input variability on efficiency and personalization, the two competing goals of service adoption. Our empirical approach attempts to capture both the perspective of the vendor who may deploy such technologies, as well as the perspective of customers who might choose among service technology alternatives. Our findings reveal that SPEV technologies (i.e., technologies that can accommodate SPEV) are more efficient, but less personalized, than SPEUIV technologies (i.e., technologies that can accommodate both SPEV and UIV). However, when task complexity is high (vs. low), the superior efficiency of SPEV technologies is less prominent, while both SPEV and SPEUIV technologies have higher personalization. We also find that when given a choice, a majority of customers tend to choose to use both types of technologies. The results of this study further our understanding of the differences in efficiency and personalization experienced by customers when using various types of online service technologies. The results also inform practitioners when and how to implement these technologies in the online shopping environment to improve efficiency and personalization for customers.
Introduction
The use of online service technologies has become a key component of an online organization's customer service success (Ba et al. 2010 , Bitner 2001 , Cenfetelli et al. 2008 , DeLone and McLean 2003 , Ding and Straub 2008 , Song 2003 , Zeithaml et al. 2002 and represents an important component of a firm's core value proposition (Brohman et al. 2009 ). As such, online vendors are providing an increasing array of online customer support that enhances their product offerings via technology-based and human-based services. Some online merchants, such as BestBuy.ca, Sears.com, Procompare.com, and Myproductadvisor.com, have adopted technology-based services to assist customers in identifying their product preferences and to provide product advice to satisfy those preferences (Kamis et al. 2008, Xiao and . Other firms, such as Dell.com, LandsEnd.com, ComUSA.com, and OfficeDepot.com, have utilized human-based services to allow their customer service employees to interact with customers "virtually" (Aberg and Shahmehri 2003) .
Because service technologies are prevalent in the online context, there is a strong and growing interest 421 in understanding the effectiveness of online services (Brohman et al. 2009 , Kim and Son 2009 , Massey et al. 2007 , Tan and Hunter 2002 , Walker and Craig-Lees 1998 . This understanding can subsequently influence design requirements (Drucker 1974, Orlikowski and Gash 1994) and ultimately influence evaluations of the success or failure of e-commerce (Kim and Son 2009 ). The service literature indicates that one challenge is to find the right balance between the often competing goals of efficiency and personalization. Efficiency refers to how fast a service provider can fulfill customer needs, and focuses on the nature of service for the purpose of saving time (Chase and Tansik 1983, Yen 2005) . Personalization is about whether the service provider understands the needs of each individual customer, and then knowledgeably addresses each individual's need in a given context (Liang et al. 2007 , Riecken 2000 . While existing studies consistently indicate the importance of service technologies in the online context (e.g., Cenfetelli et al. 2008 ) and the imperatives to study their effectiveness (e.g., Brohman et al. 2009 , Ba et al. 2010 , Glushko 2010 , Yang 2011 , surprisingly little research has examined the theoretical differences of various types of service technologies, and under what contingencies one is superior to the other. To provide more relevant prescriptions for online vendors, it is important to understand both the normative design standards vendors should deploy, as well as to understand which of the service technologies (technologybased, human-based, or both) consumers will choose from when given a choice, since the success of online services is largely determined by customers' experiences (Massey et al. 2007 ). In other words, an investigation of service technologies should take both the vendors' as well as customers' perspectives.
To advance theory and practice in the domain of online service, we draw upon and extend the Unified Services Theory UST to develop and empirically test a new model: the Model of Online Service Technologies MOST . The MOST extends the UST for the online context by adding the construct of personalization and explaining how service technologies differ from one another in terms of efficiency and personalization, a trade-off with which customers of various types of service technologies often struggle. The MOST also delineates the role of task complexity in influencing customers' efficiency and personalization of online service technologies.
Developed for traditional, offline contexts, the UST views customer service from the organizational perspective and recognizes customers as suppliers in the service process (Sampson and Froehle 2006) . Customer supply input into the service process, specifically information on needs and desires for the product being considered. According to Sampson and Froehle, input variability refers to the differences of information provided by customers during the service process. The tenet of the UST is that the variability of inputs introduced by customers into the service process inherently decreases efficiency of the process (Sampson and Froehle 2006) . As the UST was developed from an organizational design perspective, it focuses only on efficiency. However, while customers want efficient service (Bateson 1985 , Berry et al. 2002 , Meuter et al. 2000 , they also desire personalized service (Awad and Krishnan 2006; Liao et al. 2005; Solomon et al. 1985; Ho 2005, 2006) . Therefore, we propose the MOST as a means of extending the UST by adding the construct of personalization. Personalization is important to customer service for three reasons. First, customers desire personalized service. Forrester Research recently revealed that 75% of online customers perceived personalized service as valuable, and 34% buy products based on personalized recommendations (Mulpuru 2007) . Second, while customers enjoy the efficiency of technology-based service (Bateson 1985 , Howard and Worboys 2003 , Meuter et al. 2000 , they dislike the often lower level of personalization, as customers prefer answers to their own specific queries (Moon and Frei 2000, van Dijk et al. 2007) . As a result, many companies that have deployed technologybased service have ironically received more calls to their customer contact center (Datamonitor 2004, Howard and Worboys 2003) . Third, the importance of personalization has also been revealed in multiple Information Systems (IS) and service studies, showing a positive influence on trust (Komiak and Benbasat 2006) , service quality (Mittal and Lassar 1996) , satisfaction (Liang et al. 2007) , attitude (Xu 2007) , loyalty (Ball et al. 2006) , and adoption (Sheng et al. 2008, Tin and Khoo 2009) . Given this evidence, a more comprehensive theory of online service technologies is required that includes the concept of personalization.
Another hitherto overlooked factor influencing the effectiveness of online service technologies is task complexity. Previous research on task-technology fit has implied that task complexity may have a key influence on the effectiveness of various service technologies (Speier and Morris 2003, Zigurs and Buckland 1998) . Furthermore, products marketed online have a wide range of complexity, ranging from those with relatively few or simple product attributes, such as music or books, to those with many or highly complex features, such as digital cameras or laptop computers. We go beyond the previous research, seeking to further understand the specific impact of task complexity upon various types of online service technologies.
The remainder of this paper is organized as follows. Section 2 presents related extant research and how it leads to our current theory of the MOST. 
Theoretical Foundations and Theory Development
The existing UST is used and expanded upon to derive our new MOST.
Unified Services Theory (UST)
UST is primarily a generalization of the various service theories offered in the literature (Sampson and Froehle 2006) . It posits the principle that is common to a wide range of services: customer-provided input in the service process can lead to less efficient service. UST provides a unifying foundation for other theories and models of service operations, such as customer contact theory (Chase 1981, Chase and Tansik 1983) . The UST delineates service processes from non-service processes (e.g., manufacturing processes) and identifies key commonalities (i.e., customer inputs) across seemingly disparate service businesses (Sampson 2001, Sampson and Froehle 2006) . It has also been used to explain and analyze various kinds of online service applications, human interface design (Pinhanez 2007) , customer emotional experiences (Hartsuiker 2008) , management and technical consulting services (Smedlund 2008) , and industrial services operations (Ala-Risku 2007). UST defines a service process as relying on customer input. The presence of customer input establishes a production process as a service process. This stands in contrast to the non-service process (i.e., manufacturing process), where, although customers may contribute ideas to the design of the product, their only participation in that process is to select and consume the output (Sampson 2001, Sampson and Froehle 2006) . The UST purports that service processes entailing customer input are inherently less efficient due to the variability and uncertainty that customers introduce into the utilization of that service.
The UST asserts that one important way to reduce variability in service processes is to reduce variability in customer inputs. In the context of service technologies, customers need to provide their product preferences in the form of an information input to service technologies in order to obtain relevant product recommendations. Further, service technologies may have different capacities to handle customer information input. As a result, UST provides a relevant theoretical foundation to guide our hypothesis development regarding differences between various types of online service technologies.
MOST: A Proposed Extension of
Unified Services Theory In this study, we develop a new model (MOST) that adapts and extends the UST in two ways. First, as the UST was developed from the organizational design perspective and thus focused entirely on efficiency, we extend it to incorporate personalization. As the UST only focuses on the negative impact (i.e., inefficiency) of input variability, the inclusion of personalization can enhance our understanding of both the positive and negative impacts of input variability. Firms can also weigh the advantages and disadvantages of service technologies that have different capacities for accommodating variability. Second, we advance the UST by refining the concept of information input variability to include two sources of input variability. By doing so, we are able to classify various types of service technologies depending on the sources of input variability that they can handle, and are able to examine the technologies' effect on a customer's efficiency and personalization.
As discussed, there is a need for scholarship in this area, along with the need to systematically study the effectiveness of online service technologies (Brohman et al. 2009 , Cenfetelli et al. 2008 , Kim and Son 2009 , Massey et al. 2007 ), but empirical work is still in its infancy. Online merchants can benefit from the results of our study by reducing or accommodating the sources of input variability they wish to effect, and customers can benefit by interacting with those technologies that best suit their needs.
2.2.1. Adding Personalization to the UST. We develop the MOST to include personalization in order to represent the advantages of service technologies that can accommodate input variability. Personalization often leads to favorable customer evaluations (Komiak and Benbasat 2006 , Lewis and Entwistle 1990 , Mulvenna et al. 2000 , because it can help customers handle information overload (Liang et al. 2007 ) and control aimless surfing activity (Light and Maybury 2002) . Without personalization, customers may be overwhelmed by the amount of product information presented to them (Murray et al. 2010) .
Retailers that provide personalized service have seen increased average order values (Lovett 2007) and annual revenue increases of up to 52% (Murray et al. 2010 has created a service application to offer personalized advice in choosing a PC by asking customers a few simple questions regarding the key purpose of the PC usage (e.g., entertainment) and appearance preference (e.g., stylish). Other online retailers (e.g., Dell.com, LandsEnd.com, and OfficeDepot.com) have invested more resources to implement human-based services on their websites, where customer service representatives can interact with customers through online technologies, such as chat services. Using these human-based services, customers can ask any questions to the service representatives and get personalized answers. The human-based services are not constrained by limited multiple-choice options as is the case with the technology-based services.
Extending the UST with personalization is also based on evidence from the broader customer service literature showing that service providers have long struggled to address the tensions inherent in the efficiency vs. personalization trade-off dilemma: "How to provide efficient, standardized service at some acceptable quality level, while treating each customer as a unique person" (Solomon et al. 1985, p. 107) . It has also been recognized that "the introduction of IT may go hand in hand with a de-personalization of the exchange process" (Ritter and Walter 2006, p. 295) . For example, while customers perceive in-person, atthe-branch banking to have the highest level of personalization, it comes at the expense of less efficiency (Patrício et al. 2008) . In contrast, Internet banking is perceived to have the least personalization but the greatest efficiency. By including personalization in our model, we are able to provide a more balanced view of the advantages and disadvantages of service technologies in delivering online services.
Refining Input Variability to Two Sources.
UST significantly advanced the service management literature by proposing the concept of input variability, but it did not further articulate possible sources of input variability. By distinguishing different sources of input variability, we can better understand their effects on customers' efficiency and personalization. A more nuanced view of input variability could also provide more precise implications for online retailers seeking to improve their service levels. In the following, we first explain the differences between the two sources of input variability, and then we explain why distinguishing between these two sources is important to both theory and practice.
To aid in tractability, we focus our attention on service provision within the requirement and specification stage of the Customer Service Life Cycle (CSLC, Cenfetelli et al. 2008, Ives and Mason 1990 ). This stage is comparable to the "getting information" stage, considered as one of the two most relevant stages of online behaviors (Choudhury and Karahanna 2008 , Gefen and Straub 2000 , Pavlou and Fygenson 2006 . In this "getting information" stage, we can decompose input variability into two sources: service provider-elicited variability (SPEV) and user-initiated variability (UIV), depending on whether the input variability introduced is a response to a service provider's instructions and questions, or whether it is posed by the customer without being prompted.
For SPEV, the service provider prepares a set of instructions and/or questions and embeds these directly into the service process. Examples of SPEV are a service provider's requests for customer input to an airline kiosk or automated telephone system. Let's take USA Today's automated telephone system as an example: a customer may choose one of seven options (e.g., option 1 for ordering a new subscription, option 2 for making a payment, option 3 for canceling a subscription, etc.), and under each option, there are multiple sub-options (e.g., under option 2, the user can select account status, subscription renewal, etc.). A customer can choose any of the options and sub-options provided by USA Today's system. Different customers will choose different options and sub-options, resulting in input variability (i.e., SPEV). If we take Sears' Dishwasher Advisor as another example, the service provider elicited question "what control panel style do you prefer?" has three possible responses ("visible," "hidden," and "no preference") and the question "what exterior color do you prefer?" has eight possible responses (including white, black, bisque, etc.). Customers' different product attribute preferences and therefore different responses result in input variability (i.e., SPEV). However, such input variability is predicted in advance and the service provider is prepared to handle it.
UIV, on the other hand, is not a response to a service provider's instructions and questions, but is proactively generated by customers; customers can freely pose any questions to the service provider. Many driving forces exist for UIV, but the key reason is customer heterogeneity (Sampson and Froehle 2006) , including the heterogeneity of customers' requests (Frei 2006 ) that service providers may not anticipate or are too costly to be incorporated as part of the SPEV. An example in USA Today's automated telephone system could be the unprompted UIV of "Can I get a discount due to my tight budget"? This was not incorporated as one of the account options for a customer to choose. Other types of customer heterogeneity could be the amount of effort that customers are willing to exert to get the information (Frei 2006) or the level of product knowledge required (Frei 2006, Sampson and Froehle 2006) . Returning to Sears' Dishwasher Advisor, the following customer query is an example of one UIV that their automated recommendation service cannot handle: "Among the products demonstrated, which products would you recommend, Product A or B"? This UIV may indicate that customers do not have the necessary knowledge to make the decision, or they are not willing to spend more effort by themselves to compare the recommended products in more detail.
The importance of identifying these two sources of input variability is threefold. First, it enables us to categorize online service technologies based on their capacity to accommodate different sources of input variability. Classification-oriented activities are widespread in the IS field and are important to the design and development of IS artifacts (Parsons and Wand 2008) . Based on the difference between SPEV and UIV, we can distinguish service technologies into two types: (i) service technologies that can accommodate SPEV only (SPEV technologies), and (ii) those that can accommodate both SEPV and UIV (SPEUIV technologies).
1 Second, specifying input variability into two sources will increase our understanding about the relative effects service technologies may have on their different capacities to handle input variability. In other words, we can better understand the different consequences of SPEV and SPEUIV technologies on efficiency and personalization. The main hypothesis that we advance in this paper is that SPEV technologies can improve efficiency, since SPEV is basically determined by the service providers; whereas SPEUIV technologies might impair the efficiency because of the inherently unpredictable nature of UIV. In addition, although both SPEV and SPEUIV technologies can improve personalization, we expect that the impact of SPEUIV technologies will be higher given its additional capacity to handle UIV.
Third, differentiating SPEV and UIV is also important to investigate the role of task complexity in influencing a customer's efficiency and personalization of online service technologies, because task complexity is expected to change the impact of SPEV and UIV on efficiency and personalization. In the next section, we explain the contingent role of task complexity.
Task Complexity
The UST and service literatures have helped in our postulation of the MOST and in predicting the differences among various types of service technologies. However, these prior frameworks are silent in regard to contingency factors; they do not say how the 1 Service technologies that can only accommodate UIV (i.e., UIV technologies) were not included in this study because they rarely exist in the requirement and specification stage of the CSLC. Note that the service provider's elicitation of customers' preferences on each product attribute (i.e., SPEV) is an essential step in providing relevant product recommendations (Kamis et al. 2008 , Tan et al. 2010 , Xiao and Benbasat 2007 . effectiveness of service technologies will be different when task complexity changes. From a practical point of view, the operating costs for developing and providing online service technologies to customers are likely to increase as task complexity increases, particularly for service technologies that can accommodate a large amount of input variability. Therefore, a relevant concern arises: when a task becomes more complex, will the predicted relative effects of SPEV over SPEUIV technologies in terms of efficiency and personalization change?
Consistent with past IS studies associated with product selections Benbasat 2007, Tan et al. 2010) , we define task complexity in the online shopping context as the number of attributes used to characterize a certain product. We measure task complexity by the number of product attributes rather than the number of product alternatives because the number of product attributes has greater practical significance in an online shopping context. When equipped with an advice service technology, the effort a customer spends in inputting their preferences and searching for a product online is directly related to the number of attributes, not to the number of alternatives. For example, the customer must decide how many attributes to consider, and what attribute threshold values to specify (Tan et al. 2010) .
As SPEV and UIV come from different sources, we expect that task complexity will influence them differently. SPEV will increase proportionally to an increase in task complexity brought about by an increase in the number of salient product attributes. This is because assigning a preferred value to a product attribute is essential in product decision making (Kamis et al. 2008 , Tan et al. 2010 , Timmermans 1993 , and therefore variability associated with product attributes are typically captured by the questions posed by the service providers (i.e., SPEV). Without knowing the customer's attribute preferences, the service provider may not be able to provide relevant product advice. Thus, a linear relationship is expected between SPEV and task complexity.
However, we do not expect UIV to increase proportionally to an increase in task complexity, for two reasons. First, UIV is initiated by customers (vs. the service provider) and customers have limited cognitive capacity when task complexity becomes high (Kamis et al. 2008 , Sweller 1988 , Vegas et al. 2007 . Second, UIV is less concerned about specific product attributes that have already been captured by SPEV. Instead, we expect that UIV is more related to a product as a whole (e.g., "Could you explain why product A is recommended over product B"?). Thus, as task complexity influences SPEV and UIV differently, SPEV and UIV in a high task complexity condition are expected to impact efficiency and personalization differently, as we will hypothesize in §3. 
Hypotheses Development
We first propose that service technologies with different capacities to handle input variability will differ in terms of the efficiency and personalization they provide for customers. We then examine the role of task complexity in changing the resulting efficiency and personalization of service technologies. Once again, we focus our attention on service technologies within the "getting information" stage of online behaviors.
3.1. Efficiency of SPEV vs. SPEUIV Technologies UST posits that the efficiency of service provisions depends largely on the variability in customer inputs. Indeed, it takes time for a customer to provide variable inputs and wait for a service provider's response. We expect that online SPEV technologies will lead to higher efficiency than online SPEUIV technologies, because the former limits the range of customer information input and does not allow for UIV. According to Sampson and Froehle (2006) , reducing variability in customer inputs is a viable way to reduce variability in service processes. For service technologies that restrict customers to providing only certain inputs (e.g., replies to the multiple-choice questions in a dialogue), customer input variability is expected to be less. To illustrate, USA Today's automated telephone system does not allow customers to provide UIV such as "Can I get a discount due to my tight budget"? Similarly, the Sears appliance advisor prevents customers asking questions such as "Could you explain why is Model A much more expensive than Model B"? The higher degree of input restrictiveness greatly reduces the variability that could possibly be introduced by customers as compared to what a customer can ask of SPEUIV technologies, which has been implemented by some online merchants (e.g., Dell.com, LandsEnd.com) to interact with online consumers in real time. According to the UST, when input variability is restricted and reduced, efficiency should improve. Thus, we hypothesize that:
Hypothesis 1 (H1). SPEV technologies will lead to a higher level of efficiency as compared to SPEUIV technologies.
Personalization of SPEV vs. SPEUIV
Technologies SPEV technologies are not as adaptable to highvariance customer inputs as SPEUIV technologies, since the former might fail to recognize or accommodate the uniqueness of each customer's needs, their product knowledge, and the amount of effort they are willing to spend in the decision process (Frei 2006) . As Sampson and Froehle (2006, p. 336) have noted: "customization only occurs as a response to comply with unique customer inputs including specifications." SPEV technologies are particularly constrained by the menu options that have been pre-programmed by the service provider, as well as the limited set of possible customer responses (e.g., USA Today's automated telephone system). For example, customers cannot ask the Sears Dishwasher Advisor questions about the recommended products, such as "What were previous customers' comments about this model?" In contrast, SPEUIV technologies can accommodate a high variance of customer inputs and ad hoc requests. Not only can the SPEUIV technologies elicit customers' product requirements as SPEV technologies do, but they can also allow customers to initiate further questions about the product they prefer, instead of being limited to predefined questions. In addition, customer concerns can always be clarified and questions answered by SPEUIV technologies. Examples of SPEUIV technologies include the one-click live chat services from Dell.com, LandsEnd.com, and OfficeDepot.com that allow consumers to introduce any type of variability, including whether or not a discount can be given to a certain customer, inquiries about the product usage experience from other consumers, and requests to further narrow the recommendation set. Customers tend to want flexibility in how their needs can be fulfilled (Glushko 2010) , and often require other services that SPEV technologies (such as the Sears' Dishwasher Advisor) are unable to provide. From our own experience, we know that consumers would prefer services "their way." Because of a lack of flexibility of SPEV technologies, the personalization capacity of SPEV technologies should be less than that of SPEUIV technologies. Therefore, we hypothesize that:
Hypothesis 2 (H2). SPEV technologies will lead to a lower level of personalization as compared to SPEUIV technologies.
Task Complexity on SPEV vs. SPEUIV
Technologies Recall that task complexity was defined as the number of attributes used to characterize a certain product. We expect that task complexity will influence the effect of SPEV technologies relative to SPEUIV technologies in terms of efficiency and personalization. The key support for this expectation is found in Wood (1986) , who argues that task complexity is a function of the number of distinct information cues about the attributes of the task-related stimulus object an individual has to process when performing a task. Prior research on task complexity has indicated that high task complexity can increase information processing requirements and demand more cognitive resources from task executors (Klemz and Gruca 2003 , Speier and Morris 2003 , Zigurs and Buckland 1998 Information Systems Research 25(2), pp. 420-436, © 2014 INFORMS will likely be impacted, which will in turn negatively affect their performance (Kamis et al. 2008, Norman and Bobrow 1975) .
As hypothesized in H1, customers will gain significantly higher efficiency when using SPEV technologies as compared to when using SPEUIV technologies. In high complexity task situations, customers' incremental time and effort in using SPEV technologies will increase proportionally to the number of product attributes. It is important for the service provider to elicit customer preferences on each of the additional product attributes, because product attributes are essential for evaluating product alternatives (Kamis et al. 2008 , Tan et al. 2010 , Timmermans 1993 .
On the other hand, we do not expect that UIV increases proportionally to the number of product attributes, for two reasons. First, UIV is less concerned about queries regarding product attributes, which have already been captured by SPEV. For example, variability introduced by customers such as "Could you explain why product A is recommended over product B?" and "What have previous customers reported about this model?" are not contingent on the number of product attributes, but are related more to a product as a whole. As UIV is less influenced by an increase in the number of product attributes, it will take less of a proportion of input variability and accordingly have less negative effect on efficiency when the task complexity is high. Consequently, the superiority of SPEV technologies relative to SPEUIV technologies in improving efficiency will be lower when task complexity is high.
A more important reason that UIV will not significantly increase with task complexity is the limits on customers' cognitive capacity imposed by the increasing amount of task complexity. Based on the task complexity literature (e.g., Wood 1986), an individual's information processing requirements increases as the number of product attributes increase. For instance, research has demonstrated that individuals have limited working memory to process information. Therefore, if working memory is overloaded, the learning effect will deteriorate (Baddeley 1992) . For example, Jiang and Benbasat (2007) found that task complexity diminished the effectiveness of video product presentation over a static-picture format in terms of retention of product knowledge. This is because high task complexity takes up more of an individual's attentional resources, which in turn negatively impacts their cognitive capability to understand the dynamic scenes entailed in a video product presentation (Hong et al. 2004, Jiang and . Similarly, Kamis et al. (2008) found that as task complexity increases beyond a certain point, a decision support system user satisfices or leaves behind a larger number of unexamined choice options. Applying these findings to the context of online service, we surmise that as task complexity increases, customers will face a greater cognitive load and thus be less likely to introduce further degrees of UIV. As a result, the proportion of UIV in the input variability will be less in a high complexity condition, and consequently will not greatly reduce the efficiency of SPEUIV technologies. Thus, we propose:
Hypothesis 3 (H3). The superiority of SPEV technologies over SPEUIV technologies in terms of efficiency will be less prominent when task complexity is high.
As hypothesized in H2, SPEUIV technologies are expected to be more personalized than SPEV technologies. When task complexity is high, customers need to provide preferences for more product attributes, to either SPEV or SPEUIV technologies. This in turn will provide matched products that are congruent with a greater number of the indicated preferred product attributes than would be the case in the low complexity condition. As SPEV increases, the effect of both SPEV and SPEUIV technologies in improving personalization will increase significantly as task complexity moves from low to high (see Figure 1) .
The arguments for H3 have explained that UIV is not expected to increase proportionally with the increase of task complexity, mainly because of customers' limited cognitive capacity. As personalization relies on the customer's willingness to provide the information (Glushko 2010) , the limited increase of UIV in high complexity conditions will also hinder further personalization. Thus, the effect of SPEUIV technologies in improving personalization because of UIV will not change significantly when task complexity increases. As illustrated in Figure 1 , the source of increased personalization for both SPEV and SPEUIV technologies is because of the handling of increasing SPEV, but not UIV. Taken together with the combined effect of SPEV and UIV, we expect that both Hypothesis 4 (H4). The superiority of online SPEUIV technologies over online SPEV technologies in terms of personalization will not change significantly when task complexity is high.
Methodology
We tested the aforementioned hypotheses through a laboratory experiment with a 4 (SPEV technologies vs. SPEUIV technologies vs. hybrid vs. control) × 2 (low vs. high task complexity) between-subject design.
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The SPEV technologies were implemented with an online recommendation agent (RA) using additive compensatory decision strategy (Todd and Benbasat 1999, Wang and Benbasat 2009 ). The SPEUIV technologies were implemented with live help service technology (LH) using text-based communication. RA (an example of technology-based service) and LH (an example of human-based service) were operationalized as proxies for SPEV and SPEUIV technologies respectively. In other words, RA could only accommodate SPEV, but not UIV, while LH could accommodate both SPEV and UIV. Such an operationalization is consistent with the service literature showing that human-based service is superior to technology-based service in handling UIV and achieving personalization (e.g., Apte and Vepsalainen 1993 , Bhappu and Schultze 2006 , Kelley 1989 , Patricio et al. 2008 , Ritter and Walter 2006 , Solomon et al. 1985 , Walker and Craig-Lees 1998 . A technology-based service may not adequately address a customer's special concerns and requirements, because it cannot easily cope with the variability of customer needs and uncertainty in customer desires.
In addition to testing the proposed hypotheses, our use of the RA and LH as treatments can inform online vendors about the possible advantages and disadvantages of these two technologies and thus provide design prescriptions. We also included a hybrid treatment in the experiment that makes available both the RA and LH treatments to the users. This option, to our knowledge, is not typically found in actual online contexts-likely because of the increased costs associated with providing both designs. However, we included this hybrid treatment in this experiment because it provides a third design option for online vendors to understand and consider. Perhaps more importantly, this particular hybrid treatment differs from the other treatments in that it provides a choice to our study participants: a choice on whether to use RA, LH, or both. Unlike the confirmatory purpose of the other three treatments, we intend the hybrid treatment to be an exploratory one. This is because different customers may use the hybrid service differently: e.g., some may use both services while others might just use one. More importantly, the hybrid treatment is expected to provide additional evidence to support our hypotheses. We did not specifically hypothesize the effects for the hybrid treatment because of the unpredictability in advance of which technologies customers might utilize (RA, LH, or both).
Experimental Website Design
Eight simulated shopping websites were constructed to test the previous hypotheses. The capacity of each service technology to handle variability is depicted in Table 1 .
The number of product alternatives in each website was kept constant across all treatments (32 alternatives). We manipulated task complexity using 5 (low) and 15 (high) product attributes (Tan et al. 2010) . The rationale behind the delineation of the number of product attributes is that providing 10 or more product attributes tends to drastically decrease human abilities to cognitively process alternatives (Malhotra 1982) . People can hold 7 ± 2 chunks of information in their working memory concurrently (Dix et al. 2004, p. 32; Miller 1956 ). Therefore, evaluating a product with 5 attributes (i.e., at the bottom cognitive limit of 7 ± 2) represents a low task complexity, whereas a product with 15 features (i.e., double the medium cognitive limit) represents high task complexity. This measurement of task complexity is believed to be objective, based on findings reported in the cognitive psychology literature. It is also generalizable to other situations because it is not necessarily influenced by the characteristics of any particular experimental setting. As reported later, these manipulations held using perceptual measures of task complexity.
Before the subjects were assigned to one of the eight shopping websites (see Table 1 ), each subject experienced a baseline website which served as a benchmark for evaluating particular websites based on the adaptation theory (Helson 1964) . This theory suggests that people's judgments are based on three criteria: (1) the sum of their past experiences; (2) the context and background of a particular experience; and (3) the sum of the subjects' past experiences was homogeneous across treatments. Additionally, if a common benchmark was provided for all subjects, we could be more confident that the context and background of their experimental experiences were equivalent and the disparities across different treatments were caused only by different treatment stimuli. This approach of using a common benchmark was also done by Jiang and Benbasat (2004 /2005 and Kamis et al. (2008) . The baseline website was a standard website using only a product comparison matrix, without access to RA or LH. The matrix summarized product attribute information across product models. In the first task with the baseline website, each subject was required to shop for a laptop computer for a friend whose product requirement was described on a piece of paper. In the second task with the treatment website, the subjects were required to buy a laptop for another friend, whose product requirement was different from the first friend so as to reduce possible learning effects. The task descriptions were counterbalanced (see Appendix A for task descriptions). The subjects were asked to examine the products as if they themselves were shopping for friends and deciding which product to choose. After finishing the two shopping tasks, the subjects were asked to treat the baseline website as a benchmark against which to judge the experimental site.
In the RA treatment, subjects could voluntarily choose to utilize the RA by following the RA's preprogramed multiple-choice questions and indicating their preferred product attributes and the weights assigned to the attributes. For example, a subject could specify that the hard drive attributes should fall into the range of 100 to 150 GB and the price should fall into the range of $400 to $600, as well as how important these two requirements are to him or her. It should be noted that subjects' inputs were elicited by the RA (i.e., service provider) and subjects could not introduce UIV other than choosing the pre-programmed answer options for those multiplechoice questions. The RA then ranked the products based on the customer's indicated preferences and presented the top five recommendations that best matched the customer's preferences on the first page of the recommendations. Subjects could also see the ranking of the remaining 27 products; these were displayed five products at a time on subsequent pages in decreasing degree of match. Since they had the option of reviewing on their own all the product alternatives available in the comparison matrix, subjects could voluntarily decide whether or not to follow the RA's advice.
In the LH treatment, subjects could freely pose any questions (i.e., UIV) to the LH service provider, in addition to indicating their product preferences by answering LH's predefined multiple choice questions (i.e., SPEV) as the case in the RA treatment. For example, one subject asked whether the store offered a discount to university students in particular. In addition to responding to such UIV, the LH service provider, unbeknownst to the customer, had access to the same technology as in the RA treatment. The LH service provider entered the customer's product preferences to the RA system, and then presented the product advice generated by the RA to the customer. This operationalization of the LH as assisted by the RA in the background is both practical and reasonable because the LH service provider cannot keep hundreds of product information details in their heads no matter how mentally adept they are Rayport and Jaworski (2004) . In addition, this operationalization can minimize the possible confounding effects of service technologies and decision strategies. As with the RA treatment, subjects did not have to follow LH's Website with SPEUIV Technologies advice to select a product since they had the option of reviewing on their own all the product alternatives available in the comparison matrix.
In the hybrid treatment, subjects could utilize both RA and LH in the ways described previously. To create an experimental environment that was as realistic as possible (i.e., ecological validity), we did not require the subjects to use both services. They were informed that both RA and LH technologies were available on the website and they could freely choose the service(s) they wished to use. Figure 2 is the screen capture for the experimental website with LH service for a low task complexity treatment.
Experimental Procedures
Before the experiment, subjects were required to fill in a questionnaire in order to record their demographic and control variables. The subjects were then directed to complete the first shopping task. Before they were directed to do the second shopping task, subjects other than those in the comparison matrix group were informed about the corresponding service technology available on the second website. They were also briefed about the functionalities of the service technology and how to use them.
A guaranteed monetary compensation of $10 was provided to each subject. In addition, as in many other experimental studies (e.g., Mao and Benbasat 2000) , asking subjects to provide justifications for their choices and supplying extra performance-based incentives are very helpful techniques in motivating participants to view the experiment as a serious online shopping session and to increase their involvement. Therefore, we offered the top 20 performers an extra amount ($25). Subjects were told before the experiment that they would be asked to provide justifications for their choices and that we would judge their performance based on these justifications. The main criterion for the judgment was the extent to which subjects' justifications were appropriate and convincing to support their choice of a particular laptop.
Construct Measurement
Efficiency was measured as one divided by the minutes of time used by the subjects to finish the shopping task. The personalization measure (Appendix B) was derived from prior marketing studies (e.g., Wolfinbarger and Gilly 2003, Ball et al. 2006) . Based on adaptation theory (Helson 1964 ) discussed earlier, the values of personalization are comparative values based on a common reference point, i.e., the baseline website in the first shopping task. Personalization was measured using a Likert scale ranging from −5 to +5, where the neutral point (0) indicates that the subject perceives that the second shopping website does not differ from the first site.
Data Analysis
4.4.1. Subject Background Information. The 128 subjects 3 in the study were recruited in a public university; they were from 14 faculties/schools ranging over 50 majors and representing very diverse backgrounds. According to a power analysis for the between-subject design, 128 subjects (32 subjects in Information Systems Research 25(2), pp. 420-436, © 2014 INFORMS each of the four groups) should be included to maintain statistical power of 0.80 for a medium effect size (f = 0 25) (Cohen 1988) .
Among the 128 subjects, 88 were females and 40 males. Five were non-students, 25 were graduate students, and the rest undergraduates. The average age was 23.4. There was no significant difference in gender (Pearson chi-square value = 3 49, p = 0 84) and age (F = 1 56, p = 0 15) distribution across the four treatments. On average, the subjects had been using the Internet for 9.2 years, spending 28.8 hours on the Internet each week. In general, they were familiar with online shopping (5 20/7). The average reported knowledge level of the product used in the task-laptop computers-was 4 42/7. No significant differences were found across the treatments regarding these four factors: Internet usage years, Internet usage hours per week, familiarity with online shopping, and product knowledge.
Construct Reliability and Validity.
Cronbach's alphas of 0.87 for personalization attested to construct reliability (Fornell and Larcker 1981) . To aid in interpreting the results, we report an average of the measurement items used in the scale for personalization (−5 to +5). The correlation between efficiency and personalization is negative (r = −0 30, p < 0 01), which is consistent with our theory that more personalization compromises efficiency.
As a manipulation check, we examined whether subjects using SPEUIV and hybrid technologies indeed introduced more UIV as compared to those using SPEV technologies. UIV is operationalized as the number of additional questions asked by customers that was not possible in the treatment with SPEV technologies. The ANOVA results indicated that as compared to the customers of SPEV technologies, customers of both SPEUIV (mean difference = 1 80, p < 0 001) and hybrid technologies (mean difference = 1 69, p < 0 001) introduced significantly more UIV. Thus, the manipulation of UIV within SPEUIV and hybrid technologies was successful. Further, because subjects assigned to the SPEV technologies treatment all utilized the SPEV technologies, the manipulation of SPEV was also successful. Subjects' perception of task complexity was also measured, using sample statements such as "The laptop selection task that I went through was complex" (Shankaranarayanan et al. 2009 ). The low-complexity treatment had a mean response of 3.4 on a 7-point scale, and the high-complexity treatment had a mean of 4.8. The difference in means for the complexity treatment was significant (p < 0 001). We also tested whether or not there was a task order effect using the MANOVA analysis. The results show that the effect of task order was not significant (p > 0 05). Table 2 provides descriptive statistics with means and standard deviation for the treatments with service technologies. We conducted a MANOVA to test the treatment effects on both efficiency and personalization. Results show that treatment effects were significant (p < 0 0001). Therefore, we conducted planned contrast tests (Nordhielm 2002 , Schindler et al. 2011 , Suri and Monroe 2003 , Uhrich 2011 between the SPEV and SPEUIV technologies on efficiency and personalization. Results (Table 3) revealed that SPEV technologies were more efficient than SPEUIV technologies (mean difference = 0 08, p < 0 01), consistent with H1. SPEUIV technologies were found to generate higher personalization than SPEV technologies (mean difference = 0 64, p < 0 05), lending support to H2.
Results on Efficiency and Personalization.
Turning to the role of task complexity in influencing the relative effect of SPEV vs. SPEUIV technologies, we adopted the planned contrast approach because it has greater statistical power compared to an omnibus F test followed by post-hoc testing (Nicolaou and McKnight 2006 , Uhrich 2011 , Winer 1991 . The first planned contrast analysis indicated that when task complexity was low, SPEV technologies were significantly more efficient than SPEUIV technologies (contrast value = 0 14, p < 0 001). However, when task complexity was high, SPEV technologies were no longer more efficient than SPEUIV technologies (contrast value = 0 04, p > 0 05). This is consistent with H3. Figure 3(a) shows that the gap in efficiency between SPEV and SPEUIV technologies under high task complexity was smaller than that under low task complexity. On the other hand, the second planned contrast did not reject H4, as the difference of personalization between SPEV and SPEUIV technologies did not significantly differ in the high (contrast value = −0 62) versus low (contrast value = −0 69) task complexity treatments. Figure 3 (b) showed similar gaps existed (parallel lines) between SPEV and SPEUIV technologies under both high and low task complexity. More analysis to demonstrate robustness of the hypotheses testing results can be found in Appendix C.
4.4.4. Analysis of Hybrid Service. SPEV technologies can also be combined with SPEUIV technologies to produce a hybrid form of service. We analyzed the hybrid service to find out which service technologies customers desired when given a choice of both or one, as well as to provide further evidence to support our theorization of the MOST.
Not all subjects assigned to the hybrid service treatment used both SPEV and SPEUIV technologies. As a result, two categories of subjects emerged depending on how they utilized the hybrid. In one category, 32 subjects (64%) voluntarily used both SPEV and SPEUIV technologies. In this case, the underlying concept of hybrid is more like SPEUIV technologies (than SPEV technologies), as it can handle both SPEV and UIV. In the other category, 18 other subjects (36%) voluntarily used only SPEV technologies. In this case, the underlying concept of hybrid is more like the SPEV technologies (than SPEUIV technologies), as it only handled SPEV. None of the subjects chose to use only the SPEUIV technology.
H1 and H2 compared the differences between SPEV and SPEUIV technologies. The underlying difference between these two service technologies is that SPEUIV technologies additionally handle UIV, which makes a difference in the resulting efficiency and personalization. Extending the conceptualization of the additional effect of UIV to the first category of the hybrid subjects, the MOST predicts that hybrid is more personalized than SPEV technologies, but less efficient, because the hybrid additionally handles UIV. The results, as shown in Table 3 , support this prediction. For the second category of hybrid subjects (only SPEV technology chosen), the MOST would predict that this category is more efficient than SPEUIV technologies, but less personalized. An independent sample t-test shows that these predictions are also supported (p < 0 05 for efficiency, one-tailed; p < 0 05 for personalization). Overall, the additional analysis regarding hybrid is consistent with our theorization of the MOST in that the capacity to handle UIV is the driving force of customer's personalization, but it compromises efficiency.
Contributions, Limitations, Future
Research, and Conclusions (Patrício et al. 2008) . However, their theorization is limited to the difference of human vs. technology. Since the personalization capability of information technology has been improving, and the advantage of human over technology in personalization may be diminishing, it is important to understand the fundamental differences among various service technologies. We fill this void in the literature by conceptualizing the construct of input variability (including SPEV and UIV) and empirically testing our model (i.e., the MOST), which sheds light on the comparison of variability handling to produce a better understanding of differences among service technologies.
Second, we extend the UST with the personalization construct in order to better explain the differences between online SPEV and online SPEUIV technologies in terms of efficiency and personalization. The UST focuses on inefficiency of input variability, but neglects its personalization. Personalization is a key missing piece in service provision theories. Including it provides a balanced view and enables a service technology that may appear worse according to the UST (based only on efficiency) to be better in some instances according to the MOST (based on personalization and efficiency). Furthermore, as Ho (2005, 2006) have noted, "work by IS researchers in the area of personalization is scant" as compared to the explosion of personalized web services across the world. Thus, our research also contributes to the service literature and IS literature by demonstrating the relative effects of SPEV and SPEUIV technologies on personalization.
Third, we also contribute to the literature by examining the role of task complexity in influencing the relative effect of services technologies on efficiency and personalization. Task characteristics and technology characteristics have been found to jointly affect the task-technology fit, which further influences customer performance (Goodhue and Thompson 1995 , Tan et al. 1999 , Zigurs and Buckland 1998 . In the current study, we analyze task characteristics by using a product attribute perspective and utilize the theories on the limits of attention and information processing to justify the effects of task complexity. Our categorization of input variability as SPEV and UIV explains how task complexity can alter the relative impact of SPEV and SPEUIV technologies in terms of efficiency. As research on the impact of input variability grows, we hope that our results will highlight the need for researchers to consider more than a single general form of input variability.
Practical Implications
This study informs organizations about the implications of the different means of delivering service under certain conditions. SPEUIV technologies are better suited to a context where personalization is a firm's top priority. However, as SPEV technologies are more efficient that SPEUIV technologies, it appears that SPEV technologies are good choices for firms with budget constraints. The maintenance of SPEUIV technologies is more costly than that of SPEV technologies because of the training and operating costs associated with service personnel. For firms that are able to afford the cost, we advise them to implement hybrid service technologies. The hybrid design accommodates the different personalization and efficiency needs of customers, as customers can freely choose which one(s) they utilize. As the results have shown, the majority of customers' utilized both service technologies when available. This suggests that providing only one technology may result in potentially losing customers who might otherwise prefer using both technologies, and those who prefer the other type of technology. Customers might abandon a website simply because it does not provide their preferred service technology.
Our theorization about the differences (i.e., accommodation of input variability) between SPEV and SPEUIV technologies also sheds light on the design and development of service technologies. To improve operational efficiency, online firms should control the UIV afforded to customers, either through a standard input interface (as with the SPEV technologies that were implemented in our case), or by controlling the UIV introduced to the SPEUIV technologies. On the other hand, the key to boosting personalization is to improve the capabilities of service technologies to accept more variability and handle it effectively. Alternative designs of SPEV technologies can be tested using the insights gained in this study to better determine how likely (or unlikely) SPEV technologies with particular interface designs can be better at handling variability.
Customers should be made explicitly aware that there is a trade-off between improving personalization and improving efficiency. This may serve to manage the expectation that they might not "get it all" (efficiency and personalization) in a single service setting. SPEV technologies are best at improving efficiency and SPEUIV technologies and hybrid are best at improving personalization. If customers prefer efficient service, they should go to websites with SPEV technologies but they should expect to give up a certain amount of personalization. Conversely, if customers prefer a more personalized shopping experience, they should go to websites with SPEUIV technologies or hybrid service but expect to give up some service efficiency. 
Limitations and Future Research
There are several limitations to this study, which in turn open avenues for future research. First, we focused only on the requirement and specification stage of CSLC; further research might be necessary to test whether the product purchasing stage will produce similar results. However, as the requirement and specification stage is the most relevant stage in examining the effect of IT (Gefen and Straub 2000) , we believe our results will have implications for other stages as well. Second, we used text-based SPEUIV technologies as customers prefer it to voice-based SPEUIV technologies (Tullio et al. 2008, Weisz and Kiesler 2008) , and it is less costly to implement for merchants. However, other kinds of SPEUIV technologies deserve further research to determine whether the current study results still hold. Finally, we only considered circumstances in which a customer is focused on buying one product. Caution should be exercised in generalizing from our results to group purchasing or purchasing multiple products.
Conclusions
This paper achieves several accomplishments. We propose the MOST to theorize that the fundamental difference between various service technologies is the capability for handling input variability. We distinguish input variability as SPEV and UIV. We adapt the UST from the organizational perspective to the customers' perspective, and extend it with the construct of personalization. We further conceptualize the role of task complexity and advance the UST by exploring its boundary condition. Then, we apply the MOST to the requirement and specification stage of the online service context in order to empirically test the differences among service technologies in terms of efficiency and personalization, and how task complexity changes the relative effectiveness of these service technologies. The results can be used to advise customers on when to choose one service over the other, and advise practitioners on how and when to design and implement such online services, and under what task complexity condition. Future research can use the MOST as a framework to evaluate other types of online SPEV technologies and online SPEUIV technologies.
